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 a b s t r a c t

Advanced control strategies for building multi-energy systems are essential to manage renewable generation vari-
ability while maintaining grid stability and minimizing costs. This paper presents a comprehensive comparison 
between conventional rule-based control and economic model predictive control (EMPC) strategies for a residen-
tial building system comprising photovoltaic (PV) generation, battery storage, and an air-source heat pump with 
thermal storage, thereby combining detailed component modeling, multi-energy system optimization, and evalu-
ation under recently introduced dynamic feed-in regulations. A mixed-integer linear programming framework is 
developed that incorporates part-load and temperature-dependent heat pump performance, battery charge accep-
tance, and equipment degradation costs. The control strategies are evaluated through time-resolved and annual 
analyses using real weather data and consistent demand profiles, considering two distinct regulatory scenarios 
for PV feed-in limitations: static power caps and dynamic zero-compensation periods during negative electric-
ity prices. Results demonstrate that while an enhanced rule-based control strategy with forecast-based battery 
management and surplus-driven heat pump operation improves performance over the reference approach, EMPC 
achieves superior outcomes across all metrics. Compared to the reference rule-based control, EMPC reduces net 
annual costs by 37.5%, grid imports by 13.1%, battery throughput by up to 15.2%, heat pump cycling by 25.5%, 
and PV curtailment by 41.3%. EMPC’s advantages stem from adaptively optimizing energy flows across multi-
ple domains, strategically utilizing thermal energy storage to extend effective battery capacity, and minimizing 
conversion losses through intelligent power routing. These findings indicate that advanced predictive control 
becomes particularly advantageous under increasingly dynamic market and regulatory conditions.

1.  Introduction

Buildings account for approximately 40% of EU-wide greenhouse gas 
emissions, making the decarbonization of the building sector essential 
for meeting the Paris Agreement targets [1–3]. Two significant trends 
are driving this transition: the increasing integration of distributed re-
newable energy sources, particularly photovoltaic systems, and the elec-
trification of heating through heat pumps. Together, these developments 
create critical challenges for grid operation: managing the intermit-
tency of renewable generation while accommodating additional electri-
cal loads from heat pumps and the growing adoption of electric vehicles 
[4,5].

Two mutually reinforcing approaches have emerged to address these 
challenges: decentralized energy storage and load shifting. The integra-
tion of renewable energy sources calls for enhanced demand flexibil-
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ity to match the volatile supply in electricity generation [6]. Decentral-
ized multi-energy systems (MESs) can offer various storage capabilities 
across multiple energy vectors (electrical, thermal, and chemical), creat-
ing synergistic opportunities through sector coupling [7]. By consuming 
or storing energy when and where it is available, these systems can sig-
nificantly reduce conversion and transportation losses, thereby decreas-
ing both operational costs and greenhouse gas emissions [8]. Further 
improvements may be achieved through the implementation of holistic 
and predictive energy management systems [9].

Control strategies for building MESs can broadly be classified into 
two categories: rule-based and optimization-based. Rule-based control 
(RBC) represents the current state of practice in building energy sys-
tems, with distinct approaches established for different components. For 
battery energy storage systems, PV self-consumption maximization has 
emerged as the predominant strategy [10–13]. This approach follows a
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\begin {align}0 &= \begin {aligned}[t] &P_{PV,DC}\left ( t \right )+\bm {P_{CC,dch}} \left ( t \right )+\bm {P_{Inv,AC/DC}}\left ( t \right ) \\ &-P_{Stby}\left ( t \right )-\bm {P_{CC,ch}}\left ( t \right )-\bm {P_{Inv,DC/AC}}\left ( t \right )-\bm {P_{Cur,DC}}\left ( t \right ) \end {aligned} \label {eq:DC_node_balance}\end {align}
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\begin {align}E_{Bat,nom}\cdot \frac {SoC_{Bat}\left ( t \right )-SoC_{Bat}\left ( t-1 \right )}{\Delta t} &= \begin {aligned}[t] &\eta _{CC,ch}\cdot \bm {P_{CC,ch}}\left ( t \right )-\frac {\bm {P_{CC,dch}}\left ( t \right )}{\eta _{CC,dch}}\\ &-b_{Bat,SD}\cdot E_{Bat,nom}\cdot SoC_{Bat}\left ( t-1 \right ) \end {aligned} \label {eq:Bat_balance}\end {align}


$E_{Bat,nom}$


$b_{Bat,SD}$


$\eta _{CC,ch}$


$\eta _{CC,dch}$


$\bm {\epsilon _{SoC,Bat}}>0$
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$b_{Bat,CA}$
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Symbols, indices and acronyms

Latin symbols
𝐴 Area
𝑏 Model coefficient
𝐶 Heat capacity
𝑐 Cost coefficient
𝑑 Duration
𝐸 Energy
𝐽 Cost function
𝑀 Big-M constant
𝑃 Electric power
𝑄̇ Heat flow rate
𝑅 Request
𝑇 Time at end of prediction horizon
𝑡 Time
𝑈 Overall heat transfer coefficient
𝑢 On/off variable
𝑣 Start-up variable

Greek symbols
Δ Difference
𝜖 Slack variable
𝜂 Efficiency
𝜗 Temperature

Indices
AC Alternating current
Bat Battery
CA Charge acceptance
CC Charge controller
ch Charging
Cur Curtailment
DC Direct current
dch Discharging
ex Export
Grid Electric grid
HE Heating element
HP Heat pump
im Import
Inv Inverter
Load Household electrical load
max Maximum
min Minimum
nom Nominal
Stby Standby consumption

Acronyms
COP coefficient of performance
DHW domestic hot water
EMPC economic model predictive control
ERBC enhanced rule-based control
MES multi-energy system
MILP mixed-integer linear programming
MPC model predictive control
PI proportional-integral
PV photovoltaic
RBC rule-based control
RRBC reference rule-based control
SH space heating
SoC state of charge
TES thermal energy storage

straightforward priority scheme: excess PV generation beyond immedi-
ate electricity consumption is first directed to fully charge the battery 

before being fed into the grid. Similarly, when electricity consumption 
exceeds PV generation, the battery is first fully discharged before grid 
power is utilized. This simple yet effective operating strategy has guar-
anteed economically secure storage utilization within Germany’s regula-
tory framework over recent years, particularly under the feed-in power 
limitation at 70% of installed peak capacity that was in effect from 2012 
to 2023 [14].

However, regulatory changes in Germany taking effect in February 
2025, including the general reduction of feed-in power limitations to 
60% or, alternatively, the elimination of feed-in remuneration during 
periods of negative day-ahead spot market prices for new installations 
without and with smart meters, respectively, are shifting the economic 
landscape [15]. This development reflects a broader European move 
toward stronger market-based integration of renewable electricity [16,
17] and is therefore likely to increase the relevance of forecast-based 
charging strategies that avoid curtailment while preserving maximum 
self-sufficiency [10,18–20].

For space heating (SH) and domestic hot water (DHW) provision 
with variable compressor speed heat pumps, current control strategies 
predominantly rely on two separate control loops [21–24]. DHW prepa-
ration typically employs a two-point controller with hysteresis and fixed 
compressor speed to maintain weekday and time-of-day dependent tem-
perature setpoints, with this function prioritized over SH. SH control 
generally implements an outdoor temperature-dependent supply tem-
perature setpoint (heating curve) maintained by a proportional-integral 
(PI) controller that varies compressor speed. Additionally, an upper hys-
teresis limit is often utilized to extend runtime at minimum compres-
sor speed. These control approaches typically incorporate restrictions 
on minimum runtime and maximum start-ups per hour to extend com-
pressor service life. A back-up electric heater with discrete power levels 
is commonly activated incrementally, e.g., if the setpoints are under-
shot by a defined threshold and/or remain unmet after specified time
intervals.

This control strategy primarily aims to minimize energy consump-
tion which, assuming constant energy prices, also ensures low opera-
tional costs. However, with the widening gap between grid purchase 
costs and feed-in revenues, both reactive and predictive strategies for 
thermal storage of excess PV electricity–such as temporarily increasing 
temperature setpoints or adjusting power levels–are becoming increas-
ingly attractive [19,22,25,26].

In large-scale power systems, unit commitment and dispatch op-
timization aims to determine which generators to operate when and 
at what levels to reliably meet electricity demand at the lowest total 
cost, subject to operational and regulatory limitations. The most widely 
adopted formulation for these problems is mixed-integer linear pro-
gramming (MILP), which explicitly captures both the binary on/off de-
cisions and continuous dispatch variables while handling complex con-
straints and leveraging the robustness and efficiency of modern solvers 
[27,28].

Mathematical optimization techniques developed in this domain 
promise substantial advantages for building MESs operation [29–31]. 
The numerous possible energy flows resulting from the growing num-
ber of interconnected components, combined with highly user-specific 
and/or site-specific demand and generation patterns, create a level of 
complexity that exceeds the capabilities of RBC strategies. This transi-
tion is further enabled by the increasing accuracy of statistical forecast 
models, particularly those using machine learning approaches [32–34].

A critical consideration in control applications is that optimization 
results need to be continuously adapted to changing conditions, for ex-
ample, to respond effectively to model and prediction errors, requiring 
strategies that can iteratively refine solutions as new information be-
comes available. Rolling horizon and receding horizon optimization ap-
proaches address the dynamic nature of energy system control by repeat-
edly solving optimization problems over a moving time window. These 
two concepts are often used interchangeably in literature and share
fundamental principles: they solve problems over a limited future
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horizon, implement part of the resulting plan or policy immediately, 
and then shift the horizon forward to re-optimize.

Despite these similarities, subtle distinctions exist between the ap-
proaches. Terminology often varies by research field, with operations 
research typically favoring “rolling horizon” while control theory uses 
“receding horizon control” (also known as model predictive control 
(MPC)). The frequency of updates also differs, with receding horizon 
approaches typically updating at nearly every time step for real-time 
closed-loop control, while rolling horizon methods may incorporate 
coarser intervals encompassing multiple time steps. Beyond these struc-
tural differences, control theory distinguishes MPC approaches based 
on their objective functions. Standard MPC primarily aims to stabi-
lize or track desired system trajectories while respecting operational 
constraints, typically employing quadratic cost functions that provide 
smooth penalties for deviations from reference setpoints. EMPC, by con-
trast, directly optimizes cost or profit objectives to enhance the system’s 
overall economic performance utilizing the flexibility of controlled vari-
ables within their admissible operating ranges and tends to favor linear 
cost functions that more accurately represent real-world economic rela-
tionships such as energy prices and operational costs.

Table 1 systematically compares related work along the modeling, 
optimization, and regulatory aspects addressed in this study. The ex-
amination reveals that existing studies either sacrifice model fidelity for 
system breadth or vice versa, while systematic comparisons against rule-
based baselines accounting for contemporary regulatory conditions also 
remain scarce. To fill this gap, the present study offers three primary 
contributions:

• Detailed cross-domain EMPC framework: A MILP-based EMPC 
formulation that simultaneously captures electrical and thermal sub-
systems, including temperature-dependent heat pump performance, 
battery charge acceptance, and degradation-aware cost modeling.

• Realistic benchmarking against advanced heuristics: A struc-
tured and fair comparison against both conventional and forecast-
enhanced RBC, reflecting practical implementations rather than sim-
plified baselines.

• Evaluation under emerging regulatory conditions: A system-
atic analysis of control performance under both static feed-in caps 
and dynamic zero-compensation periods during negative electricity 
prices.

Table 1 
Related work on (E)MPC of building MESs including heat pumps.
 Reference  Generation/Load  Heat pump  Battery  Feed-in  (E)MPC setup  RBC  Simulation
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 Baumann et al. [35] ✓ ✓ ✓ ✓  –  –  ? ✓ ✓ ✓ ✓ ✓

 Betzold et al. [36] ✓ ✓ ✓ ✓  (✓)a ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Bianchini et al. [37] ✓ ✓ ✓ ✓ ✓ ✓ ✓  ?
 Corinaldesi et al. [38] ✓ ✓ ✓ ✓  (✓)b ✓  (✓)b ✓ ✓ ✓ ✓ ✓

 Fischer et al. [21] ✓ ✓ ✓ ✓ ✓ ✓ ✓  (✓)c  (✓)d ✓  (✓)e  –  –  ? ✓ ✓ ✓ ✓ ✓ ✓

 Fitzpatrick et al. [39] ✓ ✓  –  –  –  – ✓ ✓ ✓ ✓

 Gelleschus and Bocklisch [40] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  ?
 Harb [41] ✓ ✓ ✓ ✓ ✓  (✓)c ✓  (✓)e ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Kuboth et al. [42] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Langer and Volling [43] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  ?
 Lee et al. [5] ✓ ✓ ✓  –  –  –  – ✓ ✓ ✓ ✓ ✓

 Liu et al. [44] ✓ ✓ ✓ ✓ ✓  (✓)c ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Löhr and Mönnigmann [45] ✓ ✓ ✓ ✓ ✓  (✓)e ✓ ✓ ✓ ✓

 Maier et al. [46] ✓ ✓ ✓  –  –  –  – ✓ ✓ ✓  (✓)f  (✓)g
 Murray et al. [47] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Rafii-Tabrizi et al. [48] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 Sawant et al. [49] ✓ ✓  (✓)e  –  –  –  – ✓ ✓ ✓ ✓ ✓  (✓)h
 Schütz et al. [50] ✓ ✓ ✓  –  –  –  – ✓ ✓ ✓ ✓  (✓)g
 Tang et al. [51] ✓ ✓  –  –  –  – ✓ ✓ ✓  ?
 Tomás et al. [52] ✓  (✓)c  –  –  –  – ✓ ✓ ✓ ✓ ✓  (✓)h
 Verhelst et al. [53] ✓ ✓ ✓ ✓ ✓  –  –  –  – ✓ ✓ ✓ ✓

 This study ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

 – = Battery and/or PV feed-in not part of study.
 ? = Information not reported or unclear from the publication.
 (✓) = Partial or conditional fulfillment, see footnotes.
a Different heat pumps are used for SH and DHW.
b Heat pump serves SH only; DHW is provided by the heating element.
c COP dependency modeled in simulation only; fixed a priori estimate used in the optimization.
d Heat pump minimum power constraint enforced via post-processing correction of optimization results.
e Cycling implicitly limited through minimum runtime constraints (no explicit cost term).
f Annual results extrapolated from a set of typical days; no continuous full-year simulation.
g Generation and load profiles based on a synthetic test reference year, combined with historical day-ahead prices.
h Control strategies evaluated experimentally over non-identical time periods.
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Fig. 1. Building MES structure.

2.  Methodology

2.1.  Overview

Fig. 1a illustrates the physical archetypal building MES layout con-
sidered in this study, comprising a grid-parallel DC- and/or AC-coupled 
PV-battery system, including charge controller (CC) and inverter (Inv). 
SH and DHW demands are met by a variable-speed air-source heat pump 
(HP) that is equipped with a three-stage electric back-up heating el-
ement (HE) and buffered by two thermal energy storage (TES) using 
water tanks. Solid arrows in the figure denote energy flows that are ex-
ogenous to the supervisory controller, while dashed arrows highlight the 
manipulated variables that can be accessed in real installations, e.g., via 
standard Modbus-TCP interfaces provided by the respective equipment 
manufacturers [54–56].

While PV generation remains inherently non-dispatchable due to so-
lar irradiance variability, electrical standby (Stby) and household (Load) 
consumption, as well as thermal demands SH and DHW, are equally con-
sidered non-shiftable in this analysis. This assumption reflects the prac-
tical limitations of integrating sophisticated control systems for heat dis-
tribution and household appliances, as such integration would require 
additional measurement technology and/or substantial user interaction 
[57,58]. Moreover, this approach prevents potential comfort losses and 
acceptance problems.

2.2.  Model

In order to enable simulation and optimization of control variables, 
the physical system representation is transformed into a linear mathe-
matical model (as illustrated in Fig. 1b) that captures the essential be-
havior while maintaining computational tractability. Therefore, single 
bidirectional energy flows are decomposed into separate unidirectional 
flows as required by the optimization formulation. Specifically, the in-
verter and charge controller flows are split by direction to assign dedi-
cated efficiencies, grid exchange is disaggregated into import and export 
for differentiated cost allocation, the heat pump and heating element 
connections are separated by component and operating mode (SH and 
DHW), since the electrical power of each serves as an individual de-

cision variable. Additionally, PV curtailment variables are introduced 
to enable generation reduction under feed-in limitations. The modeling 
approach further categorizes system elements into four distinct groups: 
nodes, storages, converters and sources or sinks as described below.

At the DC and AC node, Kirchhoff-type power balance equations en-
force conservation among all connected generation, conversion, load, 
grid and curtailment flows. The storage models comprise a battery en-
ergy balance with self-discharge, charge acceptance, softened state of 
charge (SoC) limits, and a prediction horizon SoC-change variable to 
prevent myopic decision making, as well as lumped-capacity TES for-
mulations including transmission losses for the SH and DHW tanks with 
analogously softened temperature bounds. The inverter and charge con-
troller represent converters bounded by nameplate ratings, while the 
variable-speed heat pump is restricted to operate between outdoor air 
and supply temperature dependent minimum and maximum compres-
sor speed. Furthermore, the heat pump’s thermal output is modeled 
through a multivariate regression capturing outdoor air temperature, 
supply temperature, and part-load dependence, complemented by dis-
crete heating element staging, mode-exclusivity and DHW-priority con-
straints, along with start-up tracking for cycling-cost allocation. Sources 
and sinks encompass grid exchange limited by connection rating or
statutory feed-in cap, curtailment, as well as fixed generation and con-
sumption profiles (exogenous inputs). The detailed system model for-
mulation including underlying equations is provided in Appendix A.1.

2.3.  Economic model predictive control

The EMPC approach minimizes a comprehensive cost function 𝐽 , as 
defined in Eq. (1), which accounts for both operational expenses and 
component replacement costs. 

𝐽 = Δ𝑡
𝑇
∑
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(1)

The cost structure comprises grid interaction costs through electric-
ity purchase prices 𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑖𝑚 and feed-in tariffs 𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑒𝑥 (negative val-
ues representing revenue), battery degradation costs 𝑐𝑃 ,𝐶𝐶,𝑐ℎ based on 
units-of-production depreciation reflecting cycle-induced capacity fade, 
heat pump start-up costs 𝑐𝑣,𝐻𝑃  accounting for compressor wear from cy-
cling, and SoC variation costs 𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡 ensuring appropriate valuation 
of stored energy beyond the prediction horizon. Slack-variable penalties 
𝑐𝜖,∗  are set several orders of magnitude higher than any physical cost1 
to guarantee that violations occur only if no feasible operating point ex-
ists and the system states are brought back into the permissible range 
as quickly as possible. By jointly capturing energy prices, equipment 
wear, and regulatory constraints within a single optimization objective, 
this cost structure distinguishes the proposed formulation from conven-
tional MPC approaches. The complete cost coefficient derivation and 
prioritization conditions are provided in Appendix A.2.

2.4.  Rule-based control

To obtain a fair comparison, the reference controllers described in 
Section 1 are mimicked by a one-step optimization (Fig. 2) whose con-
straints and cost coefficients are dynamically manipulated by explicit 

1 For instance, the DHW TES temperature violation penalty is set to 104 ct/K 
if grid import prices are on the order of 101 ct/kWh.
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Fig. 2. RBC via heuristics and one-step optimization.

heuristics. This approach enables precise integration of hysteresis be-
havior and provides ideal PI control without the inevitably associated 
parameter tuning requirements [21,22,24].

Two RBC variants are implemented within this framework. The 
reference rule-based control (RRBC) represents conventional practice: 
the electrical subsystem follows a self-consumption maximization strat-
egy that prioritizes battery charging over grid feed-in and battery dis-
charging over grid import. The thermal subsystem employs a two-point 
hysteresis controller with fixed maximum compressor speed for DHW 
preparation–prioritized over space heating–while SH control maintains 
the heating curve setpoint by varying compressor speed and extends 
runtime with an upper hysteresis limit. The enhanced rule-based control 
(ERBC) extends this approach through forecast-based battery manage-
ment (reserving storage capacity for anticipated PV surplus to minimize 
curtailment) and surplus-driven heat pump operation that exploits ex-
cess generation for thermal storage within elevated temperature bands. 
Notably, ERBC still applies separate electrical and thermal heuristics 
without explicit mutual awareness. The detailed algorithms for RRBC 
and ERBC are presented in Appendices A.3 and A.4, respectively.

3.  Results

The impact of energy management strategies on overall system 
operation–including their behavior under recently introduced regula-
tory constraints–is evaluated through an annual case study simulation.2 
This section is organized into four parts presenting a comprehensive 
evaluation of the proposed EMPC regime against the RRBC and ERBC 
approaches. First, the case study setup is introduced, detailing the build-
ing characteristics, system sizing, demand and generation profiles, as 
well as regulatory boundary conditions that form the basis for all sub-
sequent analyses. Second, all control strategies are validated and quali-
tatively compared through the evaluation of high-resolution time series 
data. This allows for a comprehensive insight into individual operational 
characteristics of each control strategy. Third, the intertemporal results 
of each control strategy are quantitatively assessed using aggregated key 
performance indicators derived from a full-year simulation. Fourth, the 
findings from both qualitative and quantitative analyses are synthesized 
and critically examined with regard to the underlying assumptions, sim-
plifications and practical implementation obstacles.

3.1.  Case study setup

The analysis is based on a single-family residential building con-
forming to the German KfW 55 energy efficiency standard, with a refer-
ence floor area of 187 m2 (parameters taken from the TABULA database 
[59]), located in Potsdam. This location represents average German cli-
matic conditions and serves as the statutory reference for building en-
ergy calculations (DIN/TS 18599-10 [60]).

2 The main analysis uses 2025 data; corresponding 2024 and 2023 results are 
provided in Appendix B.

Table 2 
System component ratings.
    Component  Nominal rating  
  Heat pump 5 kWth @ A-7/W35 
  Heating element 5.5 kWAC  
  DHW tank  300 L  
  SH buffer tank  300 L  
  AC PV 6 kWp  
  DC PV 6 kWp  
  Inverter 6 kWAC  
  Charge controller 8 kWDC  
  Battery 12.5 kWh  

System sizing follows established standards if applicable or best prac-
tices for both thermal and electrical subsystems. The air-source heat 
pump with auxiliary electric heater and domestic hot water storage are 
dimensioned according to VDI 4645 [61] with a bivalent point of −7 ◦C
and heating load calculated per DIN EN 12831-1 [62]. Buffer storage 
sizing follows the Swiss Wärmepumpen-Systemmodul guideline [63], 
thereby also satisfying the minimum volume requirements of VDI 4645 
[61] and DIN EN 15450 [64]. The roof’s maximum south-facing poten-
tial for photovoltaic generation is realized with half AC-coupled and 
half DC-coupled panels. Battery capacity sizing stems from recommen-
dations for usable3 storage capacity limits by Orth, Weniger, and Meiss-
ner [65]. The resulting component ratings are summarized in Table 2.

The building is assumed to accommodate four occupants with a to-
tal annual consumption of 4000 kWh electricity and 2000 kWh for do-
mestic hot water. Generation and load profiles are based on German 
Meteorological Service [66] historical weather data for 2025, with PV 
generation modeled using pvlib [67], space heating demand calculated 
according to ISO 13790 [68], and household electricity and domestic 
hot water profiles generated following the Association of German Engi-
neers’ methodology for residential reference load profiles [69,70].

March 1, 2025 is chosen as reference date for electricity tariffs [71] 
and feed-in compensation rates, leading to the following additional reg-
ulatory scenario distinction: without smart meter, the system operates 
with a static feed-in cap, while with smart meter, the system faces zero 
compensation during negative day-ahead prices (quarter-hourly histor-
ical data for the DE/LU bidding zone obtained from SMARD [72] for 
2025). Although not presenting a legal requirement, zero compensation 
periods are implemented as complete feed-in prohibition for clarity.

All simulations employ perfect foresight and a uniform 15 min time 
step resolution to strike a balance between temporal accuracy and com-
putational effort. On the one hand, this interval constitutes the coarsest 
granularity that remains aligned with the quarter-hourly day-ahead spot 
market and has been proven to provide adequate control responsiveness 
under real-world disturbances and forecast errors [52,73]. On the other 
hand, the availability of battery and TES allows for the effective buffer-
ing of higher-frequency variability in PV output and electrical or thermal 
demand, rendering the impact on aggregated results negligible [74,75]. 
The EMPC is implemented with 24 h prediction horizon (96 time steps), 
3 h re-optimization interval (12 time steps) and 5% relative optimality 
gap to reduce computational burden. For both RBC variants, the under-
lying one-step optimization problems are solved at each time step using 
a relative optimality gap of 10−9.

3.2.  Qualitative analyses

The annual heatmap visualizations in Figs. 3 and 4 provide com-
prehensive insight into the temporal system dynamics of system op-
eration under different control regimes, enabling direct comparison of 
heat pump dispatch, battery utilization, grid interaction, and tempera-
ture management strategies across all three approaches. The three main 

3 Throughout this paper, usable SoC refers to the nominal range of 10% to 
90%.
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Fig. 3. Annual profiles without smart meter (2025).

characteristic periods–winter, transition, and summer–are analyzed sep-
arately in order to reveal seasonal variations.

3.2.1.  Winter period
The winter period is characterized by predominantly low PV gen-

eration coupled with moderate to high space heating demand. Across 

all control strategies, several common operational patterns emerge. 
Heat pump power consumption closely tracks space heating demand 
throughout this period, with distinct power peaks occurring during 
DHW TES charging events. Battery utilization remains minimal, with 
the usable SoC hovering near zero for extended periods. While spo-
radic afternoon charging brings the battery to full usable capacity, 
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Fig. 4. Annual profiles with smart meter (2025).

complete discharge already occurs before midnight. Consequently, con-
tinuous grid import dominates the period between sunset and sun-
rise, with only marginal grid feed-in observed during peak generation 
hours.

Notable differences between control strategies become apparent in 
temperature management and operational scheduling. Both RRBC and 
ERBC briefly violate minimum DHW and SH TES temperature require-

ments, potentially compromising user comfort. In contrast, EMPC main-
tains all temperature constraints throughout the period. The ERBC and 
EMPC strategies demonstrate occasional shifting of heat pump operation 
to midday periods, resulting in moderate overheating of both storage 
tanks. This behavior is more pronounced in the EMPC implementation, 
which exploits available PV generation slightly more aggressively for 
thermal storage.
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The absence of significant PV surplus during winter conditions ren-
ders the impact of smart meter implementation negligible, with no dis-
cernible differences in operational behavior between scenarios with and 
without dynamic feed-in limitations.

3.2.2.  Transition period
The transition period exhibits highly variable day-to-day PV gener-

ation ranging from low to high yields, coupled with reduced to moder-
ate space heating demand. All control strategies demonstrate substan-
tially increased battery utilization during this period, with the full usable 
storage capacity being exploited throughout daily cycles. Grid import, 
while significantly reduced compared to winter operation, remains con-
centrated in early morning hours when both PV generation and stored 
energy are unavailable.

Distinct operational differences emerge in energy management tim-
ing and thermal storage strategies. The RRBC and ERBC implementa-
tions prioritize early battery charging, capturing PV generation during 
morning hours to achieve full usable SoC as quickly as possible. Con-
versely, EMPC delays battery charging until afternoon periods, main-
taining lower SoC levels throughout the morning. Grid feed-in patterns 
follow inverse timing, with RRBC and ERBC exporting later in the day 
while EMPC feeds surplus power to the grid during morning hours. Both 
ERBC and EMPC implementations extensively relocate heat pump oper-
ation to coincide with peak PV generation, resulting in substantial over-
heating of both TES. However, EMPC demonstrates more reasonable SH 
tank temperature increase under mild ambient conditions compared to 
ERBC. Additionally, progressive improvements in grid independence are 
evident, with EMPC achieving the lowest import requirements followed 
by ERBC.

Smart meter integration introduces observable behavioral changes 
during this period, with occasional battery discharge to grid occurring 
either during (late) morning hours (ERBC) or afternoon/evening periods 
(EMPC), strategically timed to avoid zero-compensation.

3.2.3.  Summer period
The summer period is characterized by consistently high PV gener-

ation and the absence of space heating demand, resulting in operating 
conditions that mainly differ by battery management and domestic hot 
water preparation. Across all control strategies, grid imports are almost 
entirely avoided during this period, while a large share of the PV yield 
is exported.

The RRBC and ERBC implementations continue to prioritize early 
battery charging, achieving a full usable SoC by late morning on most 
days and maintaining the daily average SoC almost exclusively within 
the upper third of the usable range. In contrast, the EMPC postpones 
charging to the (late) afternoon, keeping the SoC lower during morn-
ing hours. Grid feed-in follows the inverse temporal pattern: RRBC and 

ERBC export predominantly later in the day, whereas EMPC feeds sur-
plus power to the grid mainly in the morning. In the thermal subsystem, 
ERBC and EMPC almost entirely relocate heat pump operation to peri-
ods of high solar availability, which leads to pronounced overheating of 
the DHW storage and makes evening operation largely obsolete. How-
ever, EMPC tempers this effect by inducing less extreme and typically 
later overheating, with daily maximum DHW temperatures not being 
reached before noon or even later.

Smart meter integration again leads to noticeable changes in the 
temporal allocation of grid interaction. The midday period of zero feed-
in remuneration is clearly reflected in the suppression of grid export, 
which in turn induces pronounced battery discharge to the grid either 
in the morning under ERBC or already in the evening under EMPC, 
strategically anticipating the zero-compensation interval. Under the 
smart meter scenario, an additional behavioral difference is noteworthy: 
While EMPC intentionally schedules heat pump operation during zero-
compensation intervals, the ERBC’s decoupled controller architecture 
produces a contrasting outcome. As stated above, part of the morning 
PV surplus (and/or battery discharge) is consumed for thermal storage 
superheating instead of being fully fed into the grid, resulting in an early 
satisfaction of the hysteresis temperature threshold that precludes a fur-
ther heat pump activation within the non-remunerated midday period.

3.3.  Quantitative analyses

3.3.1.  Energy utilization
Fig. 5 illustrates the annual electrical energy balance, presenting en-

ergy supply sources (left bar) and consumption sinks (right bar) for each 
control strategy. The potentially available PV energy and household 
electrical load represent fixed variables that remain unchanged across 
control strategies.

As anticipated, the analysis reveals progressive reductions in grid im-
port, conversion losses, and curtailment with increasing control strategy 
sophistication. Compared to the RRBC, grid imports fall by 9.7% with 
the ERBC and 13.1% with EMPC implementation regardless of smart 
meter integration. Notably, while the RRBC experiences annual curtail-
ment of 287 kWh without and 2789 kWh with smart meter, both the 
ERBC and EMPC strategies completely eliminate or drastically reduce 
curtailment by 34.7% and 41.3%, respectively.

The grid feed-in analysis presents more nuanced results. Without 
smart meter, ERBC reduces grid feed-in by 0.2% compared to the RRBC, 
whereas EMPC achieves a 1.8% increase. This apparent discrepancy can 
be attributed to the heat pump and heating element electrical energy 
consumption patterns: compared to the RRBC, heat pump consumption 
rises by 2.1% with ERBC but declines 0.8% with EMPC. This finding 
suggests that while the ERBC effectively utilizes surplus PV generation 
for thermal storage, it does so less efficiently than the EMPC approach. 

Fig. 5. Annual electrical energy generation and consumption (2025).
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Fig. 6. Annual component degradation parameters (2025).

Fig. 7. Costs and revenues (2025).

In contrast, both ERBC and EMPC boost grid export by 9.6% and 14.4% 
despite growing heat pump demand of 2.5% and 1.2% relative to RRBC 
with smart meter.

Conversion losses strikingly decline by 2.1% and 14.9% for ERBC 
and EMPC without smart meter. Regardless of the aforementioned feed-
in increase, the EMPC is still capable of maintaining a 2.4% reduction, 
while the ERBC leads to a 9.3% rise with smart meter.

3.3.2.  Component degradation
Fig. 6 presents the component degradation parameters evaluated in 

this study across the different control strategies. The left y-axis shows 
annual battery throughput, while the right y-axis presents the heat pump 
compressor cycles per year.

Both degradation indicators demonstrate substantial improvements 
with increasing control strategy complexity. Compared to the RRBC 
baseline, battery throughput decreases by 7.9% with ERBC, 15.2% with 
EMPC (both without smart meter) and 4.5% with EMPC (with smart 
meter). With an increase of 6.3%, ERBC constitutes an exception in this 
regard (with smart meter). Heat pump cycling frequency shows even 
more dramatic reductions: at least 4.6% with ERBC and 25.5% fewer 
cycles with EMPC.

The substantial reduction in heat pump cycles achieved by EMPC ap-
pears particularly remarkable when considered alongside the marginal 
differences in energy consumption documented in the previous section. 
This finding underscores the EMPC’s ability to optimize equipment op-
eration patterns while maintaining service quality.

3.3.3.  Costs and revenues
Fig. 7 presents the economic analysis encompassing annual costs (left 

bar), revenues (right bar, generated exclusively from grid export), and 

net financial results (line) for each control strategy. Given the assump-
tion of fixed prices throughout the simulation period, all costs and rev-
enues maintain direct proportionality to the physical parameters pre-
sented in the preceding sections.

Grid electricity import constitutes the predominant cost component 
across all control strategies, accounting for roughly 90% of total op-
erational costs at a minimum. Battery throughput costs represent the 
second-largest expense category, followed by heat pump cycling costs.

The economic analysis reveals that grid export revenues prove insuf-
ficient to offset operational costs under all control strategies, resulting 
in negative net financial outcomes in all cases. Nevertheless, significant 
savings are achievable through advanced control implementation. The 
ERBC shows a reduction of 28.8% and 24.7% compared to the reference 
baseline, while the EMPC implementation nearly doubles that to 46.4% 
and 37.5% without and with smart meter, respectively, demonstrating 
the substantial economic benefits of sophisticated control strategies in 
building MESs.

3.4.  Discussion

3.4.1.  Interpretation of results
The comprehensive analysis demonstrates that while heuristic exten-

sions to the RRBC can improve overall operating performance, EMPC 
exhibits clear superiority across all evaluated metrics. Through con-
trol strategy modifications alone, the system achieves reduced grid con-
sumption, increased feed-in revenues, and extended operational life-
times for both battery and heat pump.

Fig. 8 links short-term operational behavior with long-term per-
formance metrics. While the composition of household load coverage 
remains effectively constant across control strategies due to its non-
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Fig. 8. Shares of household and heat pump load coverage, battery charging sources and grid export composition (2025).

shiftable nature, striking differences emerge in heat pump load coverage 
and battery charging sources.

Regarding heat pump load coverage, both EMPC and ERBC sub-
stantially increase the direct PV consumption share, thereby reducing 
grid dependency through effective utilization of TES, which not only 
minimizes battery throughput but also effectively extends total avail-
able storage capacity. The EMPC achieves this objective with consider-
ably greater precision, leveraging its knowledge of part-load, outdoor-
, and TES temperature-dependent coefficient of performance (COP), 
combined with accurate future consumption profiles. In contrast, un-
der the ERBC’s unnecessary overheating, feed-in revenues are reduced 
without smart meter integration. Nevertheless, this approach remains 
economically rational, especially during winter and transition period: 
although overheating lowers the heat pump’s efficiency, the resulting 
increase in energy consumption costs less than the alternative of feed-
ing excess PV into the grid and later purchasing electricity at higher
rates.

The battery charging analysis reveals particularly striking differ-
ences. To minimize AC to DC conversion losses (and vice versa) through 
the inverter, EMPC only stores DC PV generation in the battery when 
absolutely necessary (either for load supply or curtailment reduction), 
while directing AC PV power to TES via heat pump operation. This 
behavior simultaneously reduces battery degradation by minimizing 
throughput. Although SoC-dependent calendar aging is not explicitly 
accounted for in the objective function, this operating regime may be 
relevant for battery lifetime, as calendar aging is commonly aggravated 
at high SoC [76].

The primary mechanisms for reduced heat pump cycling with EMPC 
include immediate switching between DHW and SH modes without op-
erational downtime, combined with the previously discussed strategic 
TES superheating. Consequently, the EMPC’s energy distribution follows 
no static sequence but is dynamically optimized for each time step based 
on prevailing conditions and future predictions.

While the presented results show qualitative agreement with find-
ings from related studies, quantitative comparisons, as mentioned ear-
lier, prove challenging due to fundamental differences in system archi-
tectures and control approaches. Tjaden et al. [25] reported slightly 
smaller savings between RRBC and ERBC implementations; however, 
their analysis was constrained by several methodological limitations: 
the use of standardized SG Ready interfaces precluded direct power 
modulation with no optimization-based control strategy evaluated for 
heat pump operation. Fischer et al. [21] likewise confirmed clear EMPC 
advantages over ERBC, yet their framework differs substantially from 

the present work in several key aspects: battery storage was excluded 
from the system configuration, TES temperatures were estimated a priori 
rather than optimized simultaneously with other control variables, and 
their quadratic programming formulation necessitated post-processing 
to obtain implementable control actions. The most comparable study in 
terms of control strategy scope (RRBC and EMPC) as well as physical sys-
tem configuration (PV, battery, air-source heat pump, SH and DHW TES) 
is found in Kuboth et al. [42], who achieved 12% operational cost sav-
ings through nonlinear EMPC that additionally exploits building thermal 
mass via zone temperature optimization. Their framework differs from 
the presented work in several aspects: it neglects part-load variations 
in heat pump COP, relies on a particle swarm solver, and decomposes 
the problem into successive sub-optimizations interleaved with heuristic 
post-processing, which does not inherently guarantee global optimality. 
In contrast, the present study integrates all major system components–
battery storage, variable-speed heat pump, and TES–within a unified 
MILP framework that enables simultaneous optimization of electrical 
and thermal domains without requiring post-processing.

Beyond methodological differences, the present study distinguishes 
itself by explicitly considering two regulatory scenarios for PV feed-
in management. While related studies typically assume either unre-
stricted feed-in or static limitations, this work evaluates control strat-
egy performance under both static power caps and dynamic zero-
compensation periods. This distinction proves particularly relevant for 
the EMPC approach, which demonstrates superior capability in respond-
ing to time-varying feed-in conditions, as evidenced by the strategic bat-
tery charge/discharge patterns observed in the summer period analysis. 
Existing comparative studies do not address this regulatory dimension, 
limiting their applicability to evolving market conditions.

3.4.2.  Limitations and outlook
Despite the rigorous validation efforts employed in this case study, 

comprehensive sensitivity analyses remain necessary for generalizing 
the results to broader applications. Several assumptions and simplifica-
tions impact both the results and real-world implementation feasibility.

The key assumptions affecting the analysis include perfect fore-
sight capabilities. While various studies suggest prediction errors may 
not critically impact performance [21,77], the absence of explicit un-
certainty modeling remains a limitation. Nevertheless, the determin-
istic formulation establishes a necessary baseline for isolating struc-
tural differences between control strategies before introducing addi-
tional sources of variability. Importantly, simple analyses based on fixed 
perturbations of individual forecast inputs would not fully capture the 
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correlated error structures inherent to simultaneous weather, genera-
tion, and demand forecasting [78,79]. Notwithstanding, the proposed 
EMPC framework has been successfully operated in a real-world installa-
tion without perfect foresight [73], substantiating its applicability under 
realistic information conditions. The assumption of ideal PI control may 
overestimate RBC performance capabilities in practice. Additionally, the 
degradation cost assignment methodology lacks well-established the-
oretical foundations and empirical long-term studies for battery and 
heat pump wear in unit commitment and dispatch optimization contexts 
[24,80].

The modeling simplifications include the omission of heat pump 
start-up losses, which are expected to have only minor effects given 
the long operational periods (even with RBC) compared to the relevant 
time constants [81]. The lumped-capacitance approach, however, may 
overestimate potential benefits: Schütz et al. [50] reported a 4% an-
nual cost increase for SH heat pump and TES with variable grid import 
when stratified models were used. This effect, however, is strongly in-
fluenced by sensor placement [21] and is not necessarily unidirectional: 
especially for DHW storage, the uniform temperature constraint of the 
lumped formulation can restrict the admissible operating range com-
pared to a stratified model that only requires tapping temperature in the 
upper extraction zone, potentially underestimating usable capacity [6]. 
Furthermore, the quarter-hourly resolution neglects conversion losses 
and fluctuations resulting from highly volatile generation or consump-
tion patterns occurring within the sampling period.

Beyond these assumptions, the SH demand is treated as an exogenous 
time series, restricting thermal load-shifting in the EMPC to the TES. Em-
bedding indoor temperature as a dynamic state variable and exploiting 
the building mass could provide additional flexibility. However, doing 
so typically requires zone-level sensing (e.g., temperature and heat flow 
measurements) as well as a calibrated thermal model [35,44], which are 
beyond the low-instrumentation EMPC framework for hydronic central 
heating systems considered in this work. The same sensing and mod-
eling constraints are applied consistently across all compared control 
strategies, ensuring that observed differences arise from the control for-
mulations rather than from differences in available information.

Still, barriers to broad industry adoption remain significant, partic-
ularly the absence of standardized (part-load) test data and commu-
nication interfaces. This limitation proves especially problematic for 
heat pump systems, where proprietary protocols and inconsistent data 
formats complicate the implementation of advanced control strategies 
across heterogeneous equipment portfolios. While the open-source EE-
Bus protocol seeks to standardize communication between building MES 
components, direct implementation of the EMPC power control is not 
(yet) supported by its predefined use case structure [82]. However, 
equivalent functionality can already be achieved by combining use cases 
such as “Power Limitation” or “Self Consumption Optimization” with 
strategic temperature setpoint manipulation. The authors have validated 
this approach in practice, utilizing the standard Modbus interface of a 
commercially available heat pump to access the required parameters 
[73].

Several promising avenues for future research emerge from this 
work. First, extending the control framework to incorporate day-ahead 
market-based dynamic pricing could unlock economic benefits for end-
users through cost reduction and/or revenue generation via grid ser-
vices. Second, environmental impact assessments featuring marginal 
emission factors would quantify the carbon reduction potential of ad-
vanced control strategies. Third, the integration of electric mobility with 
both vehicle-to-home and vehicle-to-grid capabilities represents a natu-
ral extension of the MES concept. Fourth, incorporating the refrigerant 
cycle reversal capability as a third heat pump operating mode–combined 
with sensible or latent cold storage or indoor temperature control as 
discussed above–would enable the EMPC to exploit analogous load-
shifting potentials in summer cooling scenarios. Fifth, addressing predic-
tion uncertainty through probabilistic forecasting and robust or stochas-
tic optimization approaches could enhance practical performance, al-

though the increased computational effort of the latter compared to the 
proposed deterministic framework may impair its real-time capability 
[7,83], which currently represents a key strength. Finally, reformulating 
the optimization as a mixed-integer quadratically constrained program 
would support both the integration of stratified TES models and opti-
mal component sizing, capturing additional operational efficiency and 
design improvements.

4.  Conclusion

This study presented a comprehensive comparison between RBC and 
EMPC strategies for building MESs, demonstrating the substantial bene-
fits of advanced optimization-based approaches. The primary contribu-
tion of this research is the development of a holistic MILP-based EMPC 
framework that simultaneously integrates electricity and heating sec-
tors while maintaining computational efficiency for real-time imple-
mentation. The framework was evaluated against state-of-the-art RBC 
strategies using consistent performance metrics, addressing a signifi-
cant gap in the literature. Additionally, by evaluating control strategies 
under both static feed-in power caps and dynamic zero-compensation 
periods, this work provides timely insights into the implications of re-
cently enacted regulatory changes for building energy management. 
Furthermore, the detailed component models incorporating part-load 
and temperature-dependent heat pump performance, battery charge ac-
ceptance, and comprehensive degradation cost allocation improve the 
representation of realistic MES operation. The key findings reveal that 
while enhanced rule-based control with surplus-driven heat pump oper-
ation can improve system performance, EMPC achieves superior results 
across all evaluated metrics. Specifically, the proposed control strat-
egy reduces net annual costs by 37.5%, grid imports by 13.1%, battery 
throughput by up to 15.2%, heat pump cycling by 25.5%, and PV cur-
tailment by 41.3% compared to the reference approach. Overall, these 
results confirm that EMPC’s cross-domain application under realistic sys-
tem configurations and current regulatory conditions yields substantial 
performance improvements that justify the additional implementation 
complexity. The proposed framework therefore provides a promising 
basis for the operation of future residential MESs under increasingly dy-
namic electricity markets and evolving regulatory frameworks.
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Appendix A.  Methodology

A.1.  Detailed system model formulation

All conversion efficiencies, losses and operational constraints are 
concentrated in the connected component models so that Kirchhoff-type 
balance equations can be imposed at the DC and AC electrical nodes as 
well as at both TES. Throughout the formulation, actual decision vari-
ables of the optimization problem are distinguished using bold font no-
tation, while all other variables represent either linear combinations of 
these or fixed predetermined inputs, outputs, and parameters (see [84] 
for fundamentals of model predictive control). For readers interested in 
the fundamentals of MILP in unit commitment and dispatch optimiza-
tion, Morales-España, Latorre, and Ramos [85] or Knueven, Ostrowski, 
and Watson [86] provide essential information on tightly formulating 
start-up and shut-down power trajectories of thermal units.

A.1.1.  Nodes
DC node. The DC node serves as the central junction for direct cur-
rent power flows within the system. Power conservation is enforced by 
Eq. (A.1) encompassing the physical powers of DC PV, charge controller, 
inverter, and standby losses. To accurately account for conversion losses 
in both charging and discharging directions, the charge controller and 
inverter power flows are explicitly separated. Furthermore, the formula-
tion includes a curtailment power variable that enables the limitation of 
DC PV generation when necessary due to inverter capacity constraints 
or grid export limitations. 
0 = 𝑃𝑃𝑉 ,𝐷𝐶 (𝑡) + 𝑷𝑪𝑪,𝒅𝒄𝒉(𝑡) + 𝑷𝑰𝒏𝒗,𝑨𝑪∕𝑫𝑪 (𝑡)

− 𝑃𝑆𝑡𝑏𝑦(𝑡) − 𝑷𝑪𝑪,𝒄𝒉(𝑡) − 𝑷𝑰𝒏𝒗,𝑫𝑪∕𝑨𝑪 (𝑡) − 𝑷𝑪𝒖𝒓,𝑫𝑪 (𝑡)

(A.1)

AC node. The AC node balance, formulated in Eq. (A.2), captures the al-
ternating current power flows of PV, inverter with directional efficiency 
factors (𝜂𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶 for DC to AC conversion and 𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶 for AC to DC 
conversion), grid interaction, household electrical loads, heat pump and 
heating element (latter two further distinguished by operating mode). 
Grid power is disaggregated into import and export components to en-
able differentiated cost allocation within the optimization framework. 
Similar to the DC node, AC PV curtailment capability is also incorpo-
rated. 
0 = 𝑃𝑃𝑉 ,𝐴𝐶 (𝑡) + 𝜂𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶 ⋅ 𝑷𝑰𝒏𝒗,𝑫𝑪∕𝑨𝑪 (𝑡) + 𝑷𝑮𝒓𝒊𝒅,𝒊𝒎(𝑡)

− 𝑃𝐿𝑜𝑎𝑑 (𝑡) −
𝑷𝑰𝒏𝒗,𝑨𝑪∕𝑫𝑪 (𝑡)
𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶

− 𝑷𝑮𝒓𝒊𝒅,𝒆𝒙(𝑡) − 𝑷𝑪𝒖𝒓,𝑨𝑪 (𝑡)

− 𝑷𝑯𝑷 ,𝑺𝑯 (𝑡) − 𝑃𝐻𝐸,𝑆𝐻 (𝑡) − 𝑷𝑯𝑷 ,𝑫𝑯𝑾 (𝑡) − 𝑃𝐻𝐸,𝐷𝐻𝑊 (𝑡)

(A.2)

A.1.2.  Storages
Battery. The battery energy balance, defined by Eq. (A.3), relates the 
change in stored energy to the charge controller power flows and self-
discharge losses. The formulation incorporates the nominal battery ca-
pacity 𝐸𝐵𝑎𝑡,𝑛𝑜𝑚, self-discharge coefficient 𝑏𝐵𝑎𝑡,𝑆𝐷, and directional effi-
ciency parameters for the charge controller (𝜂𝐶𝐶,𝑐ℎ for charging and 
𝜂𝐶𝐶,𝑑𝑐ℎ for discharging). 

𝐸𝐵𝑎𝑡,𝑛𝑜𝑚 ⋅
𝑆𝑜𝐶𝐵𝑎𝑡(𝑡) − 𝑆𝑜𝐶𝐵𝑎𝑡(𝑡 − 1)

Δ𝑡
= 𝜂𝐶𝐶,𝑐ℎ ⋅ 𝑷𝑪𝑪,𝒄𝒉(𝑡) −

𝑷𝑪𝑪,𝒅𝒄𝒉(𝑡)
𝜂𝐶𝐶,𝑑𝑐ℎ

− 𝑏𝐵𝑎𝑡,𝑆𝐷 ⋅ 𝐸𝐵𝑎𝑡,𝑛𝑜𝑚 ⋅ 𝑆𝑜𝐶𝐵𝑎𝑡(𝑡 − 1)
(A.3)

SoC constraints bound the battery operation within feasible limits 
through constant minimum and maximum values. To ensure mathemat-
ical feasibility and maintain system operation under all circumstances, 

the constraints are softened using 1-norm formulation with highly pe-
nalized slack variables 𝝐𝑺𝒐𝑪,𝑩𝒂𝒕 > 0, which allows temporary constraint 
violations only when absolutely necessary.
𝑆𝑜𝐶𝐵𝑎𝑡(𝑡) − 𝝐𝑺𝒐𝑪,𝑩𝒂𝒕(𝑡) ≤ 𝑆𝑜𝐶𝐵𝑎𝑡,𝑚𝑎𝑥 (A.4)

𝑆𝑜𝐶𝐵𝑎𝑡(𝑡) + 𝝐𝑺𝒐𝑪,𝑩𝒂𝒕(𝑡) ≥ 𝑆𝑜𝐶𝐵𝑎𝑡,𝑚𝑖𝑛 (A.5)

An additional decision variable, introduced in Eq. (A.6), captures the 
change in battery SoC (net discharge) over the prediction horizon 𝑇 . 
This formulation, similar to terminal cost concepts in model predictive 
control, ensures that energy stored beyond the prediction horizon is ap-
propriately valued in the cost function, preventing myopic optimization 
decisions. 
𝚫𝑺𝒐𝑪𝑩𝒂𝒕 = 𝑆𝑜𝐶𝐵𝑎𝑡(0) − 𝑆𝑜𝐶𝐵𝑎𝑡(𝑇 ) (A.6)

Thermal energy storages. The lumped-capacity models of the SH and 
DHW tank follow similar mathematical structures. The SH TES balance, 
expressed in Eq. (A.7), accounts for the change in stored thermal en-
ergy through heat pump and heating element contributions, thermal 
demand satisfaction, and transmission losses to the installation envi-
ronment. The formulation incorporates the TES heat capacity 𝐶𝑇𝐸𝑆,𝑆𝐻 , 
thermal transmittance 𝑈𝑇𝐸𝑆,𝑆𝐻 , surface area 𝐴𝑇𝐸𝑆,𝑆𝐻 , heating element 
efficiency 𝜂𝐻𝐸 , and installation room temperature 𝜗𝐼𝑛𝑠𝑡. The DHW TES 
follows an identical formulation with appropriate index substitutions.

𝐶𝑇𝐸𝑆,𝑆𝐻 ⋅
𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡) − 𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡 − 1)

Δ𝑡
=

𝑄̇𝐻𝑃 ,𝑆𝐻 (𝑡) + 𝜂𝐻𝐸,𝑆𝐻 ⋅ 𝑃𝐻𝐸,𝑆𝐻 (𝑡) − 𝑄̇𝑆𝐻 (𝑡)

− 𝑈𝑇𝐸𝑆,𝑆𝐻 ⋅ 𝐴𝑇𝐸𝑆,𝑆𝐻 ⋅
(

𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡 − 1) − 𝜗𝐼𝑛𝑠𝑡
)

(A.7)

Temperature constraints, defined by Inequalities (A.8) and (A.9), 
establish operational bounds for the TES. The minimum temperature 
requirement is determined by heating curve methodology [87] using 
mixed outdoor temperature [88] for SH applications, while DHW fol-
lows daily and weekly scheduling patterns. Maximum temperature lim-
its prevent limescale formation and scalding hazards. Again, constraint 
softening through 1-norm slack variables ensures mathematical feasibil-
ity under all operating conditions.
𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡) − 𝝐𝝑,𝑻𝑬𝑺,𝑺𝑯 (𝑡) ≤ 𝜗𝑇𝐸𝑆,𝑆𝐻,𝑚𝑎𝑥 (A.8)

𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡) + 𝝐𝝑,𝑻𝑬𝑺,𝑺𝑯 (𝑡) ≥ 𝜗𝑇𝐸𝑆,𝑆𝐻,𝑚𝑖𝑛(𝑡) (A.9)

A.1.3.  Converters
Inverter. The inverter power flows (on the DC node side) in both DC 
to AC and AC to DC conversion directions are limited by zero and their 
respective nameplate maxima.
0 ≤ 𝑷𝑰𝒏𝒗,𝑫𝑪∕𝑨𝑪 (𝑡)≤ 𝑃𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶,𝑚𝑎𝑥 (A.10)

0 ≤ 𝑷𝑰𝒏𝒗,𝑨𝑪∕𝑫𝑪 (𝑡)≤ 𝑃𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶,𝑚𝑎𝑥 (A.11)

Charge controller. Regarding the charge controller, in addition to static 
bounds in both directions reflecting the installed nameplate power 
ratings, charging capability is reduced linearly (utilizing coefficient 
𝑏𝐵𝑎𝑡,𝐶𝐴) with increasing SoC level to model charge acceptance of cell 
batteries [89,90].
0 ≤𝑷𝑪𝑪,𝒅𝒄𝒉(𝑡) ≤ 𝑃𝐶𝐶,𝑑𝑐ℎ,𝑚𝑎𝑥 (A.12)

0 ≤ 𝑷𝑪𝑪,𝒄𝒉(𝑡) ≤ 𝑃𝐶𝐶,𝑐ℎ,𝑚𝑎𝑥 (A.13)

𝑷𝑪𝑪,𝒄𝒉(𝑡) ≤ 𝑏𝐵𝑎𝑡,𝐶𝐴 ⋅
(

1 − 𝑆𝑜𝐶𝐵𝑎𝑡(𝑡)
)

(A.14)

Heat pump with heating element. The heat pump modeling approach 
presented in Eq. (A.15) captures the complex condenser heat flow de-
pendence on outdoor air temperature (𝜗𝑒), supply temperature (𝜗𝐻𝑃 ,∗), 
and part-load operation through multivariate regression, where outdoor 
air temperature enters implicitly via pre-computed time-varying coeffi-
cients 𝑏𝐻𝑃 ,𝑄̇,∗ (𝑡) that aggregate nonlinear interaction terms. 
𝑄̇𝐻𝑃 ,𝑆𝐻 (𝑡) = 𝑏𝐻𝑃 ,𝑄̇,𝑢(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) + 𝑏𝐻𝑃 ,𝑄̇,𝑃 (𝑡) ⋅ 𝑷𝑯𝑷 ,𝑺𝑯 (𝑡)

+ 𝑏𝐻𝑃 ,𝑄̇,𝜗(𝑡) ⋅ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)

(A.15)
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Fig. A.1. Air-to-water heat pump performance map (defrosting loss included).

Curve fitting utilizes either manufacturer data per EN 14511-2 [91] 
or thermodynamic simulations with defrosting loss considerations [92]. 
While supply temperature and electrical power appear explicitly as lin-
ear terms, outdoor air temperature enters implicitly through nonlinear 
interaction terms within the aggregated coefficients (computed for each 
time step’s specific outdoor temperature).

𝑄̇𝐻𝑃 ,𝑆𝐻 (𝑡) =
[

𝑏𝐻𝑃 ,𝑄̇,𝑢,0 𝑏𝐻𝑃 ,𝑄̇,𝑢,𝜗𝑒 𝑏𝐻𝑃 ,𝑄̇,𝑢,𝜗2𝑒

]

⋅
⎡

⎢

⎢

⎣

𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗𝑒(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗2𝑒 (𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)

⎤

⎥

⎥

⎦

+
[

𝑏𝐻𝑃 ,𝑄̇,𝑃 ,0 𝑏𝐻𝑃 ,𝑄̇,𝑃 ,𝜗𝑒 𝑏𝐻𝑃 ,𝑄̇,𝑃 ,𝜗2𝑒

]

⋅
⎡

⎢

⎢

⎣

𝑷𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗𝑒(𝑡) ⋅ 𝑷𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗2𝑒 (𝑡) ⋅ 𝑷𝑯𝑷 ,𝑺𝑯 (𝑡)

⎤

⎥

⎥

⎦

+
[

𝑏𝐻𝑃 ,𝑄̇,𝜗,0 𝑏𝐻𝑃 ,𝑄̇,𝜗,𝜗𝑒 𝑏𝐻𝑃 ,𝑄̇,𝜗,𝜗2𝑒

]

⋅
⎡

⎢

⎢

⎣

𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗𝑒(𝑡) ⋅ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)
𝜗2𝑒 (𝑡) ⋅ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)

⎤

⎥

⎥

⎦

(A.16)

The regression coefficients are obtained by minimizing the mean 
squared error of the COP rather than thermal output directly, as the lat-
ter would disproportionately weight high-capacity operating points due 
to larger absolute deviations. This approach ensures consistent model 
accuracy across the entire modulation range–a critical requirement es-
pecially for air-to-water heat pumps given their substantial part-load 
time share in building applications. An exemplary result of the parame-
ter identification procedure is illustrated in Fig. A.1, demonstrating good 
agreement between manufacturer data and the fitted performance map 
across the operating envelope.

Compressor operation is bounded within the speed range between 
optimal and maximum power [21]. This approach circumvents the is-
sue of sharply declining efficiency at very low speeds and ensures 
monotonicity of the COP function with respect to power. Temperature-
dependent bounds (outdoor air and supply) are implemented using the 
same interaction term principle.

𝑷𝑯𝑷 ,𝑺𝑯 (𝑡) ≥ 𝑏𝐻𝑃 ,𝑃 ,𝑚𝑖𝑛,𝑢(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)

+ 𝑏𝐻𝑃 ,𝑃 ,𝑚𝑖𝑛,𝜗(𝑡) ⋅ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)

(A.17)

𝑷𝑯𝑷 ,𝑺𝑯 (𝑡) ≤ 𝑏𝐻𝑃 ,𝑃 ,𝑚𝑎𝑥,𝑢(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)

+ 𝑏𝐻𝑃 ,𝑃 ,𝑚𝑎𝑥,𝜗(𝑡) ⋅ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡)

(A.18)

The heat pump supply temperature formulation, defined by Inequal-
ities (A.19) to (A.21), employs Big-M method [93] to serve multiple 
purposes: ensuring supply temperature equals zero when the heat pump 
is inactive (as required by the heat output equation), setting supply tem-
perature equal to the TES temperature plus a constant spread (common 
charging pump control [94–96]) when active, and restricting heat pump 
operation to (outdoor-air temperature dependent) feasible supply tem-
perature ranges.
𝜗𝐻𝑃 ,𝑆𝐻,𝑚𝑖𝑛(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) ≤ 𝝑𝑯𝑷 ,𝑺𝑯 (𝑡) ≤ 𝜗𝐻𝑃 ,𝑆𝐻,𝑚𝑎𝑥(𝑡) ⋅ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)

(A.19)

𝝑𝑯𝑷 ,𝑺𝑯 (𝑡) ≤ 𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡) + Δ𝜗𝐻𝑃 ,𝑆𝐻

+𝑀 ⋅
(

1 − 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)
)

(A.20)

𝝑𝑯𝑷 ,𝑺𝑯 (𝑡) ≥ 𝜗𝑇𝐸𝑆,𝑆𝐻 (𝑡) + Δ𝜗𝐻𝑃 ,𝑆𝐻

−𝑀 ⋅
(

1 − 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡)
)

(A.21)

The heating element is implemented using two binary variables, 
whose possible combinations yield three discrete equidistant power lev-
els: 
𝑃𝐻𝐸,𝑆𝐻 (𝑡) =

𝑃𝐻𝐸,𝑚𝑎𝑥

3
⋅
(

𝒖𝑯𝑬,𝑺𝑯,𝟏(𝑡) + 2 ⋅ 𝒖𝑯𝑬,𝑺𝑯,𝟐(𝑡)
)

(A.22)

Mutual-exclusivity constraints (Eqs. (A.23)–(A.25) utilizing the ex-
ample of 𝒖𝑯𝑬,𝑺𝑯,∗ ) prevent simultaneous activity of SH and DHW mode.
𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) + 𝒖𝑯𝑷 ,𝑫𝑯𝑾 (𝑡) ≤ 1 (A.23)

𝒖𝑯𝑬,𝑺𝑯,𝟏(𝑡) ≤ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) (A.24)

𝒖𝑯𝑬,𝑺𝑯,𝟐(𝑡) ≤ 𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) (A.25)

DHW preparation is prioritized over SH through Inequality (A.26), 
ensuring minimum temperature requirements are satisfied before SH 
provisioning. 
𝑀 ⋅

(

𝒖𝑯𝑷 ,𝑺𝑯 (𝑡) − 1
)

≤ 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 (𝑡) − 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ,𝑚𝑖𝑛(𝑡) (A.26)

Additionally, start-up events are tracked by the binary variable 𝒗𝑯𝑷
(see Morales-Espan̈a, Latorre, and Ramos [85] for a detailed formula-
tion), enabling cycling cost allocation.
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A.1.4.  Sources and sinks
Grid. Grid exchange is limited by the maximum grid connection power 
rating for import and–in absence of smart meter–the statutory feed-in 
cap (fixed percentage of nominal PV capacity) for export, which usually 
lies below the physical power rating.
0 ≤𝑷𝑮𝒓𝒊𝒅,𝒊𝒎(𝑡) ≤ 𝑃𝐺𝑟𝑖𝑑,𝑖𝑚,𝑚𝑎𝑥(𝑡) (A.27)

0 ≤𝑷𝑮𝒓𝒊𝒅,𝒆𝒙(𝑡) ≤ 𝑃𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡) (A.28)

Curtailment. PV curtailment variables are lower-bounded by zero and 
upper-bounded by the corresponding maximum available generation at 
each time step, allowing for voluntary power reduction when economi-
cally beneficial or operationally necessary.
0 ≤ 𝑷𝑪𝒖𝒓,𝑫𝑪 (𝑡) ≤ 𝑃𝑃𝑉 ,𝐷𝐶 (𝑡) (A.29)

0 ≤ 𝑷𝑪𝒖𝒓,𝑨𝑪 (𝑡) ≤ 𝑃𝑃𝑉 ,𝐴𝐶 (𝑡) (A.30)

Generation and consumption. Generation (𝑃𝑃𝑉 ,𝐷𝐶 , 𝑃𝑃𝑉 ,𝐴𝐶 ) and con-
sumption time series (𝑃𝐿𝑜𝑎𝑑 , 𝑄̇𝑆𝐻 , 𝑄̇𝐷𝐻𝑊 , 𝑃𝑆𝑡𝑏𝑦) are treated as exoge-
nous inputs, generated outside the optimization framework.

A.2.  Cost coefficient derivation

A.2.1.  Battery throughput
Battery degradation costs are addressed through the units-of-

production depreciation method that reflects cycle-induced capacity 
fade leading to end-of-life conditions, typically defined as 80% of initial 
capacity retention [97,98]. Consequently, the charging power penalty, 
calculated according to Eq. (A.31), distributes replacement costs across 
the expected lifetime based on energy throughput. 

𝑐𝑃 ,𝐶𝐶,𝑐ℎ =
𝜂𝐶𝐶,𝑐ℎ ⋅ battery replacement cost

usable battery capacity ⋅ expected battery cycle life (A.31)

A.2.2.  Heat pump cycling
Heat pump compressor wear, primarily influenced by cycling 

frequency rather than operating hours [24,99,100], is incorporated 
through start-up cost allocation following Eq. (A.32), incentivizing 
longer operational periods. 

𝑐𝑣,𝐻𝑃 =
compressor replacement cost

expected compressor on/off cycles before breakdown (A.32)

A.2.3.  Battery SoC
The battery SoC change cost 𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡 ensure appropriate valuation 

of energy stored beyond the prediction horizon, encouraging charging 
from renewable sources over feed-in while favoring discharge over grid 
import by meeting the conditions below: 
𝑐𝑃 ,𝐶𝐶,𝑐ℎ −

𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑒𝑥
𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶

𝜂𝐶𝐶,𝑐ℎ
<

𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡

𝐸𝐵𝑎𝑡,𝑛𝑜𝑚
< 𝜂𝐶𝐶,𝑑𝑐ℎ ⋅ 𝜂𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶 ⋅ 𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑖𝑚

(A.33)

A.3.  Reference heuristics

Reference heuristics only affect the thermal subsystem and comprise 
three Algorithms: Algorithms 1 and 2 ensure that the heat pump oper-
ates within a hysteresis band (upper 𝜗𝑇𝐸𝑆,∗  and lower 𝜗𝑇𝐸𝑆,∗  threshold 
values indicated by over- and underline) in both modes. If the TES tem-
perature falls Δ𝜗𝑇𝐸𝑆,∗  below the lower threshold or fails to reach lat-
ter after 𝑑𝑇𝐸𝑆,∗ ,𝑚𝑎𝑥 (𝑑𝑇𝐸𝑆,∗  representing mode specific operation below 
𝜗𝑇𝐸𝑆,∗ ), the back-up heating element is unblocked. The differences be-
tween DHW and SH provisioning obtained through Algorithm 3 are as 
follows: In DHW mode (prioritized), the heat pump runs at maximum 
power until the upper threshold value is reached. In SH mode, the heat 
pump continues to run at minimum power after the lower threshold 
value is exceeded, until the upper threshold value is reached. 

Algorithm 1 Demand driven domestic hot water request.
Input: 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 , 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 , Δ𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 , 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊

Output: 𝑅𝐷𝐻𝑊
1: static 𝑅𝐷𝐻𝑊 ← 0
2: if 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ≤ 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 − Δ𝜗𝑇𝐸𝑆,𝐷𝐻𝑊  or 𝑑𝑇𝐸𝑆,𝐷𝐻𝑊 ≥

𝑑𝑇𝐸𝑆,𝐷𝐻𝑊 ,𝑚𝑎𝑥 then
3:  𝑅𝐷𝐻𝑊 ← 2
4: else if 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ≤ 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊  and 𝑅𝐷𝐻𝑊 ≠ 2 then
5:  𝑅𝐷𝐻𝑊 ← 1
6: else if 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ≥ 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊  then
7:  𝑅𝐷𝐻𝑊 ← 0
8: end if

Algorithm 2 Demand driven space heat request.
Input: 𝜗𝑇𝐸𝑆,𝑆𝐻 , 𝜗𝑇𝐸𝑆,𝑆𝐻 , Δ𝜗𝑇𝐸𝑆,𝑆𝐻 , 𝜗𝑇𝐸𝑆,𝑆𝐻

Output: 𝑅𝑆𝐻
1: static 𝑅𝑆𝐻 ← 0
2: if 𝜗𝑇𝐸𝑆,𝑆𝐻 ≤ 𝜗𝑇𝐸𝑆,𝑆𝐻 − Δ𝜗𝑇𝐸𝑆,𝑆𝐻  or 𝑑𝑇𝐸𝑆,𝑆𝐻 ≥ 𝑑𝑇𝐸𝑆,𝑆𝐻,𝑚𝑎𝑥 then
3:  𝑅𝑆𝐻 ← 2
4: else if 

(

𝜗𝑇𝐸𝑆,𝑆𝐻 ≤ 𝜗𝑇𝐸𝑆,𝑆𝐻 and 𝑅𝑆𝐻 ≠ 2
)

or
(

𝑅𝑆𝐻 = 2 and 𝑅𝐷𝐻𝑊 ≠ 0
) then

5:  𝑅𝑆𝐻 ← 1
6: else if 𝜗𝑇𝐸𝑆,𝑆𝐻 ≥ 𝜗𝑇𝐸𝑆,𝑆𝐻  then
7:  𝑅𝑆𝐻 ← 0
8: end if

Algorithm 3 Reference one-step optimization problem adaption.
Input: 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 , 𝑅𝐷𝐻𝑊 , 𝑅𝑆𝐻
Output: 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ,𝑚𝑖𝑛, 𝑢𝐻𝑃 ,𝑆𝐻,𝑚𝑖𝑛, 𝑢𝐻𝐸,∗ ,∗ ,𝑚𝑎𝑥
1: if 𝑅𝐷𝐻𝑊 = 2 then
2:  𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ,𝑚𝑖𝑛 ← 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊
3:  𝑢𝐻𝐸,𝐷𝐻𝑊 ,∗ ,𝑚𝑎𝑥 ← 1
4: else if 𝑅𝐷𝐻𝑊 = 1 then
5:  𝜗𝑇𝐸𝑆,𝐷𝐻𝑊 ,𝑚𝑖𝑛 ← 𝜗𝑇𝐸𝑆,𝐷𝐻𝑊
6: else if 𝑅𝑆𝐻 = 2 then
7:  𝑢𝐻𝑃 ,𝑆𝐻,𝑚𝑖𝑛 ← 1
8:  𝑢𝐻𝐸,𝑆𝐻,∗ ,𝑚𝑎𝑥 ← 1
9: else if 𝑅𝑆𝐻 = 1 then
10:  𝑢𝐻𝑃 ,𝑆𝐻,𝑚𝑖𝑛 ← 1
11: end if

A.4.  Enhanced heuristics

A.4.1.  Electrical subsystem
The electrical subsystem enhancement implements a battery SoC re-

serve strategy based on PV generation as well as load and standby con-
sumption forecasts, representing a compromise between control com-
plexity and curtailment reduction while preserving self-consumption 
maximization. The required reserve calculation, as expressed in the fol-
lowing set of equations, determines the battery capacity needed to ac-
commodate as much as possible predicted excess generation for the re-
mainder of the day.

The first four steps follow the same principle as presented by Riesen, 
Ballif, and Wyrsch [101] and Litjens, Worrell, and Sark [102] for 
scheduling battery charging, adapted here with regard to the specific 
system architecture under consideration. The fifth step represents a log-
ical advancement to also conservatively schedule discharging–as late as 
possible–in light of declining static feed-in limits or increasing number 
and length of periods without feed-in compensation.
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Fig. A.2. Upper charging and lower discharging limit using enhanced heuristics.

The procedure begins by calculating the inverter’s AC power at maxi-
mum grid export 𝑃𝐼𝑛𝑣,𝐴𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥 through solving the AC node balance.

𝑃𝐼𝑛𝑣,𝐴𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡) = − max

{

min
{

𝑃𝑃𝑉 ,𝐴𝐶 (𝑡) − 𝑃𝐿𝑜𝑎𝑑 (𝑡) (A.34)

− 𝑃𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡),
𝑃𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶,𝑚𝑎𝑥

𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶

}

,

− 𝜂𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶 ⋅ 𝑃𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶,𝑚𝑎𝑥

}

This value is then translated into its DC equivalent 𝑃𝐼𝑛𝑣,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥.

𝑃𝐼𝑛𝑣,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡) =𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶 ⋅max
{

−𝑃𝐼𝑛𝑣,𝐴𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡), 0
}

−
min

{

−𝑃𝐼𝑛𝑣,𝐴𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡), 0
}

𝜂𝐼𝑛𝑣,𝐷𝐶∕𝐴𝐶
(A.35)

Subsequently, the charge controller’s power at maximum grid export 
𝑃𝐶𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥 is derived by solving the DC node balance.

𝑃𝐶𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡) = − max

{

min
{

𝑃𝑃𝑉 ,𝐷𝐶 (𝑡) − 𝑃𝑆𝑡𝑏𝑦(𝑡) (A.36)

+ 𝑃𝐼𝑛𝑣,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡), 𝑃𝐶𝐶,𝑐ℎ,𝑚𝑎𝑥

}

,

− 𝑃𝐶𝐶,𝑑𝑐ℎ,𝑚𝑎𝑥

}

The upper charging limit 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑐ℎ is determined by integrating 
the battery charging power at maximum grid export until the next sun-
set. 
𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑐ℎ(𝑡) = 𝑆𝑜𝐶𝐵𝑎𝑡,𝑚𝑎𝑥

−
𝜂𝐶𝐶,𝑐ℎ ⋅ ∫

next sunset
now max

{

−𝑃𝐶𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡), 0
}

𝑑𝑡
𝐸𝐵𝑎𝑡,𝑚𝑎𝑥

(A.37)

Finally, the lower discharging limit 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑑𝑐ℎ is computed by 
offsetting the charging limit with the integral of the battery’s discharg-
ing power at maximum grid export until the next potential curtailment 
moment (when 𝑃𝐶𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥 < 0). 
𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑑𝑐ℎ(𝑡) = 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑐ℎ(𝑡)

+
∫ next curtailmentnow max

{

𝑃𝐶𝐶,𝐺𝑟𝑖𝑑,𝑒𝑥,𝑚𝑎𝑥(𝑡), 0
}

𝑑𝑡
𝜂𝐶𝐶,𝑑𝑐ℎ ⋅ 𝐸𝐵𝑎𝑡,𝑚𝑎𝑥

(A.38)

Fig. A.2 exemplarily depicts the procedure’s results for two consecu-
tive days, illustrating the difference between operation with and without 
a smart meter.

Eq. (A.39) then lowers the effective SoC ceiling 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟, beyond 
which grid export becomes more attractive than storing energy. 

𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟(𝑡) = min
{

max
{

𝑆𝑜𝐶𝐵𝑎𝑡(𝑡), 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑐ℎ(𝑡)
}

, 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟,𝑑𝑐ℎ(𝑡)
}

(A.39)

Since charging is still preferable to curtailment, the latter shall only 
occur when unavoidable, which is achieved through the introduction 
of decision variable 𝚫𝑺𝒐𝑪𝑩𝒂𝒕,𝑪𝒖𝒓 with associated cost 𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡,𝐶𝑢𝑟, as 
defined in Inequalities (A.40) and (A.41) and by condition (A.42), re-
spectively.

𝚫𝑺𝒐𝑪𝑩𝒂𝒕,𝑪𝒖𝒓 ≥ 𝑆𝑜𝐶𝐵𝑎𝑡(𝑇 ) − 𝑆𝑜𝐶𝐵𝑎𝑡,𝐶𝑢𝑟(𝑇 ) (A.40)

𝚫𝑺𝒐𝑪𝑩𝒂𝒕,𝑪𝒖𝒓 ≥ 0 (A.41)

𝑐𝑃 ,𝐶𝐶,𝑐ℎ

𝜂𝐶𝐶,𝑐ℎ
<

𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡 − 𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡,𝐶𝑢𝑟

𝐸𝐵𝑎𝑡,𝑚𝑎𝑥
<

𝑐𝑃 ,𝐶𝐶,𝑐ℎ −
𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑒𝑥
𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶

𝜂𝐶𝐶,𝑐ℎ
(A.42)

A.4.2.  Thermal subsystem
Surplus PV power is exploited thermally, further increasing self-

consumption rates [21,26]. If a corresponding demand is predicted over 
the subsequent 24-hour period, heat pump operation is favored over 
grid feed-in within elevated hysteresis bands for both DHW and SH 
modes. The underlying operational logic adjustments are depicted in 
Algorithms 4 and 5. 

Algorithm 4 Surplus driven space heat request (𝑅𝐷𝐻𝑊 ,+ analogous).
Input: 𝜗𝑇𝐸𝑆,𝑆𝐻,+, 𝜗𝑇𝐸𝑆,𝑆𝐻 , 𝑢𝐻𝑃 ,∗ , ∫ in 24 hnow 𝑄̇𝑆𝐻 (𝑡) 𝑑𝑡
Output: 𝑅𝑆𝐻,+
1: static 𝑅𝑆𝐻,+ ← 0
2: if 𝜗𝑇𝐸𝑆,𝑆𝐻 ≥ 𝜗𝑇𝐸𝑆,𝑆𝐻,𝑚𝑎𝑥 or ∫ in 24 hnow 𝑄̇𝑆𝐻 (𝑡) 𝑑𝑡 ≤ 0 then
3:  𝑅𝑆𝐻,+ ← 0
4: else if 𝜗𝑇𝐸𝑆,𝑆𝐻 ≤ 𝜗𝑇𝐸𝑆,𝑆𝐻,+ then
5:  𝑅𝑆𝐻,+ ← 1
6: else if 𝑢𝐻𝑃 ,∗ = 0 then
7:  𝑅𝑆𝐻,+ ← 0
8: end if
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Algorithm 5 Enhanced one-step optimization problem adaption.
Input: 𝑐𝑃 ,𝐻𝑃 ,+, 𝑅𝐷𝐻𝑊 ,+, 𝑅𝑆𝐻,+, 𝑅𝑆𝐻
Output: 𝑐𝑃 ,𝐻𝑃 ,𝐷𝐻𝑊 , 𝑐𝑃 ,𝐻𝑃 ,𝑆𝐻
1: if 𝑅𝐷𝐻𝑊 ,+ = 1 and 𝑅𝑆𝐻 = 0 then
2:  𝑐𝑃 ,𝐻𝑃 ,𝐷𝐻𝑊 ← 𝑐𝑃 ,𝐻𝑃 ,+
3: else if 𝑅𝑆𝐻,+ = 1 then
4:  𝑐𝑃 ,𝐻𝑃 ,𝑆𝐻 ← 𝑐𝑃 ,𝐻𝑃 ,+
5: end if

The above mentioned order of priority is ensured by assigning the 
surplus power related heat pump cost (actually revenues) according to 
condition (A.43). 

−𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑒𝑥 < −𝑐𝑃 ,𝐻𝑃 ,+ <

𝜂𝐶𝐶,𝑐ℎ⋅𝑐Δ𝑆𝑜𝐶,𝐵𝑎𝑡
𝐸𝐵𝑎𝑡,𝑚𝑎𝑥

− 𝑐𝑃 ,𝐶𝐶,𝑐ℎ

𝜂𝐼𝑛𝑣,𝐴𝐶∕𝐷𝐶
(A.43)

Table B.1 
Result summary (2025).

 w/o SM  w/ SM
 RRBC  ERBC  EMPC  RRBC  ERBC  EMPC

 Net cost in €  285  203 → –82  153 → –132  469  353 → –116  293 → –176
 Grid import in kWh (€)  2804 (802)  2532 (724) → –272 (–78)  2436 (697) → –368 (–105)  2804 (802)  2533 (724) → –271 (–77)  2435 (697) → –369 (–105)
 Battery throughput in kWh (€)  2455 (61)  2262 (57) → –193 (–5)  2081 (52) → –373 (–9)  2455 (61)  2610 (65) → +155 (+4)  2344 (59) → –110 (–3)
 Heat pump cycles (€)  889 (27)  848 (25) → –41 (–1)  651 (20) → –238 (–7)  889 (27)  821 (25) → –68 (–2)  662 (20) → –227 (–7)
 Grid export in kWh (€)  7789 (–605)  7770 (–603) → –19 (+1)  7926 (–615) → +137 (–11)  5421 (–421)  5941 (–461) → +520 (–40)  6204 (–482) → +783 (–61)

Table B.2 
Result summary (2024).

 w/o SM  w/ SM
 RRBC  ERBC  EMPC  RRBC  ERBC  EMPC

 Net cost in €  319  258 → –61  210 → –108  447  362 → –84  307 → –139
 Grid import in kWh (€)  2821 (807)  2625 (751) → –196 (–56)  2549 (729) → –271 (–78)  2821 (807)  2630 (752) → –191 (–54)  2552 (730) → –269 (–77)
 Battery throughput in kWh (€)  2311 (58)  2136 (53) → –175 (–4)  1939 (48) → –372 (–9)  2311 (58)  2387 (60) → +76 (+2)  2085 (52) → –226 (–6)
 Heat pump cycles (€)  976 (29)  952 (29) → –24 (–1)  705 (21) → –271 (–8)  976 (29)  931 (28) → –45 (–1)  716 (21) → –260 (–8)
 Grid export in kWh (€)  7405 (–575)  7404 (–575) → –1 (+0)  7577 (–588) → +172 (–13)  5759 (–447)  6151 (–478) → +392 (–30)  6392 (–496) → +633 (–49)

Table B.3 
Result summary (2023).

 w/o SM  w/ SM
 RRBC  ERBC  EMPC  RRBC  ERBC  EMPC

 Net cost in €  431  368 → –63  318 → –113  475  412 → –64  357 → –119
 Grid import in kWh (€)  3101 (887)  2903 (830) → –198 (–57)  2810 (804) → –291 (–83)  3101 (887)  2904 (831) → –197 (–56)  2812 (804) → –289 (–83)
 Battery throughput in kWh (€)  2243 (56)  2070 (52) → –173 (–4)  1862 (47) → –381 (–10)  2243 (56)  2188 (55) → –55 (–1)  1915 (48) → –328 (–8)
 Heat pump cycles (€)  1003 (30)  950 (29) → –53 (–2)  738 (22) → –265 (–8)  1003 (30)  942 (28) → –61 (–2)  730 (22) → –273 (–8)
 Grid export in kWh (€)  6982 (–542)  6987 (–542) → +5 (+0)  7140 (–554) → +158 (–12)  6409 (–498)  6465 (–502) → +56 (–4)  6659 (–517) → +251 (–19)

Moreover, the start-up costs need to be adjusted as stated in 
Eq. (A.44) below, where Δ𝑃𝐻𝑃 ,+ represents a threshold value above 
minimum power which needs to be exceeded for the heat pump to start 
running in surplus mode, aiming to avoid short-cycling. 
𝑐𝑣,𝐻𝑃 = Δ𝑡 ⋅

(

𝑐𝑃 ,𝐺𝑟𝑖𝑑,𝑒𝑥 − 𝑐𝑃 ,𝐻𝑃 ,+
)

⋅ Δ𝑃𝐻𝑃 ,+ (A.44)

Appendix B.  Results

B.1.  Summary

Tables B.1–B.3
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B.2.  Energy utilization

Figs. B.1, B.2

Fig. B.1. Annual electrical energy generation and consumption (2024).

Fig. B.2. Annual electrical energy generation and consumption (2023).
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Fig. B.3. Annual component degradation parameters (2024).

Fig. B.4. Annual component degradation parameters (2023).

B.3.  Component degradation

Figs. B.3, B.4
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Fig. B.5. Costs and revenues (2024).

Fig. B.6. Costs and revenues (2023).

B.4.  Costs and revenues

Figs. B.5, B.6
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